a companion paper 12 provides an overview of the underlying mathematical theory. Many other issues have been raised in the ongoing ecologic-study controversy; see the references for details, especially those in the Discussion section.
How Ecologic Confounding Depends on Joint Individual-level Distributions
There are two major types of measurements on aggregates: Summaries of distributions of individuals within aggregates, such as mean age and per cent female; and purely ecologic (contextual) variables that are defined directly on the aggregate, such as whether there is a needle-exchange programme in an area. The causal effects of the latter purely contextual variables are the focus of much social research and ecosocial epidemiology. 9, 10, 13, 26, 27 Nonetheless, most outcome variables of public-health importance are summaries of individual-level distributions, such as prevalence, incidence, mortality, and life expectancy, all of which can be expressed in terms of average individual outcomes. 28 Furthermore, many contextual variables are measured by surrogates that are summaries over individuals; for example, neighbourhood social class is often measured by average income and average education.
The presence of summary measures in an ecologic analysis introduces a major source of uncertainty in ecologic inference: Effects on summaries depend on the joint individual-level distributions within aggregates, but distributional summaries do not fully determine (and sometimes do not even seriously constrain) those joint distributions. This problem corresponds to the 'information lost due to aggregation', and is a key source of controversy about ecologic studies. 29 Panel 1 of Table 1 illustrates this problem. For simplicity, just two areas are used here, but examples with many areas have also been given. 18 Suppose we wish to assess a contextual effect, i.e. the impact of an ecologic difference between areas A and B (such as a difference in laws or social programmes) on the rate of a health outcome, and we measure this effect by the amount RR A that this difference multiplies the rate (the true effect of being in A versus being in B). One potential risk factor X differs in distribution between the areas; an effect of X (measured by the rate ratio RR X comparing X = 1 to X = 0 within areas) may be present, but we observe no difference in rates between the areas. Do the ecologic data in Panel 1 of Table 1 demonstrate no contextual effect? That is, do they correspond best with RR A = 1? Unfortunately, the ecologic (marginal) data on X distributions and the outcome rates are mathematically equally compatible with a broad spectrum of possibilities, two of which are given in Panels 2 and 3 of Table 1 : In the first, area A has benefited from the contextual difference (RR A Ͻ 1), but this fact has been obscured by area A's higher prevalence of X, which is harmful (RR X Ͼ 1); in the second, area A has been harmed by the contextual difference (RR A Ͼ 1), but this fact has been obscured by area A's higher prevalence of X, which is beneficial (RR X Ͻ 1). One could obtain the correct answers in either possibility by comparing the area rates after they had been standardized directly to a common X distribution; such standardization would however require the X-specific rates within the areas, which are not available in the example. Furthermore, an ecologic regression could not solve the problem because it would only regress the crude area rates on the proportion with X = 1 in each area: Because both crude area rates are 5.6, the ecologic X-coefficient would be zero, and so the regression would produce no X-adjustment of the area rates.
Lacking within-area data on the joint distribution of X and the outcome, an ecologic analysis must necessarily rely on external (prior) information to make inferences about the contextual effect, although the margins may impose some bounds on the possibilities. 21, 29, 30 If one were willing to assume that the X-specific rates in each area were proportional to those in some external reference population with known X-specific rates, one could use those external rates to construct and compare standardized morbidity ratios (SMR) for the areas (indirect adjustment). Unfortunately, such external rates are rarely available for all important covariates, and so one must fall back on other external (prior) information to produce an effect estimate.
The results of such an analysis can be disappointing if the prior information is ambiguous. If X indicates (say) regular cigarette use and the outcome is total mortality, we might be Table 1 An example demonstrating the complete confounding of contextual and individual effects in ecologic data: The ecologic data cannot identify the effect of group (A versus B) on the rate of the outcome Y = 1 when only a marginal summary of the individual-level covariate X is available. N = denominator (in thousands of person-years); RR A and RR X are the rate ratios for the true effects of A versus B and of X = 1 versus X = 0, respectively confident that RR X is well above one and hence that the contextual effect (i.e. the A-B rate ratio) is protective. If however X indicates regular alcohol consumption we might feel justified in ruling out scenarios involving values for the relative risk RR X that are very far from 1, but, because alcohol may be protective at moderate levels and causative at higher levels, we could not be sure of the direction of RR X ; that would depend on the relative proportion of moderate and heavy drinkers in the areas. As a consequence, we could not be sure of the direction (let alone degree) of confounding in the ecologic estimate of the contextual effect (i.e. the ecologic A-B rate ratio of 5.6/5.6 = 1). The problem of cross-level confounding just illustrated has been discussed extensively since the early 20th century (Achen and Shively 29,Ch.1 ) and is a mathematically trivial consequence of the fact that marginals do not determine joint distributions. Yet this non-identification problem, which is an absolute demarcation between ecologic and individual-level studies, continues to be misunderstood or ignored by many ecologic researchers, so much that Achen and Shively 29,p.8 remark: 'A cynic might conclude that social scientists tend to ignore logical problems and contradictions in their methods if they do not see anything to be done about them'.
Their remark applies to the health sciences as well, as illustrated by this quote: 'In practice, it may be that confounding usually poses a more intractable problem for ecological than for individual-level studies. But this is due to the greater reliance on secondary data and proxy measures in ecological studies, not to any problem inherent in ecological studies' 13,p.820 (emphasis added).
While ecologic studies do suffer from greater reliance on secondary data and proxy measures, this passage is typical of defences that overlook the non-identifiable aspects of confounding inherent in ecologic studies; other examples include Cohen, [31] [32] [33] Susser, 34 and Pearce. 14,p.682 Table 1 illustrates that, given confounding by a measured risk factor X, the individuallevel data allows one to control the confounding in the most straightforward way possible: Stratify by X. In contrast, control of confounding by X cannot be accomplished using only the ecologic data, despite the fact that the effect under study is contextual (the effect of the social differences between areas A and B on outcome rates). Because contextual and individual effects are completely confounded in ecologic data, 6,12 the only solutions to this problem are either to obtain individual data within the ecologic units, or else resort to using assumptions that are untestable with the ecologic data and liable to strong dispute. 18, 19, 29 Another fallacy in some defences of ecologic studies is the claim that individual-level information is not needed if one is interested only in contextual (ecologic) effects. Examples like that above show that such 'holistic' arguments are incorrect, especially in health studies in which the outcome measure is an individual-level summary, because individual-level factors can confound the ecologic results even if the study factor is contextual. 6, 12 Holistic arguments also tend to overlook that ecologic data usually refer to arbitrary administrative groupings, such as counties, that are often poor proxies for social context or environmental exposures. 29,pp.20-22 The severity of this problem is illustrated by the potential for great sensitivity of ecologic relations to the grouping definition. 35 The non-identification problem illustrated in Table 1 applies symmetrically to ecologic estimates of average individual-level effects (cross-level inferences from the ecologic to individual level). 12, 29, 36 For example, if Table 1 represented a contrast of two areas A and B with a goal to estimate the impact of differences in the X distribution, we see that very small contextual effects can obscure substantial X effects in the ecologic data. My emphasis here, however, is that even if the overall goal is to estimate contextual effects, ecologic manifestations of those effects (Panel 1 of Table 1 ) can be confounded due to individuallevel relations, and are not estimable without information about those relations.
To summarize: Observational ecologic data alone tell us little about either contextual or individual-level effects on summary measures of population health, precisely because (by definition) they lack data on individual-level associations. Thus, methods that purport to adjust ecologic results for the confounding problem just described either must employ external data about non-identified individual relations, or must invoke assumptions about those relations. The non-identified nature of the relations means that neither approach can be fully tested (validated) against the ecologic data.
Some Assumptions and Fallacies in Ecologic Analyses
All too often, identification is forced by making fairly arbitrary modelling assumptions. Controversy then arises surrounding the credibility or strength of the assumptions used to derive effect estimates from ecologic data, the sensitivity of those estimates to changes in assumptions, and failures of proposed methods in real or simulated data. For examples, compare Freedman et al. 37 versus their discussants; Greenland and Morgenstern 38 23 Cho, 45 Freedman et al., 24, 25 and the example in Stoto; 46 and Wen and Kramer 47 versus Naylor. 20 All causal inferences from observational epidemiological data must rely on restrictive assumptions about the distributions of errors and background causes. Most estimates also rely on parametric models for effects. Thus, validity of inferences depend on examining the robustness of the estimates to violations of the underlying assumptions and models.
Randomization assumptions
Interpretation of an association as a causal effect must depend on some sort of non-confounding or ignorability assumption, which in statistical methodology becomes operationalized as a covariate-specific randomization assumption. 48, 49 Such causal inferences are usually not robust to violations of those assumptions, and this non-robustness is a major source of controversy in most non-experimental research.
Suppose we are to study K communities. The distinction between ecologic and individual-level confounding may become clearer by contrasting two levels of randomized intervention to reduce sexually transmitted diseases (STD):
(Trial C) A community-health programme (e.g. establishment of free STD clinics) is provided at random to half of the communities (K is assumed to be even).
(Trial W) Within community k, a treatment (e.g. a series of free STD-clinic visits) is randomly provided to a proportion p k of individuals, and p k varies across communities.
Trial C is a cluster-randomized design. In this trial, the ecologic data would comprise a community treatment-status indicator plus the outcome measures (e.g. subsequent STD rates). These data would support randomization-based inferences about what the average causal effect the programme would be for the K communities (the communities would be the analysis units, and the sample size for the inferences would be K). Nonetheless, analysing the individual-level data from trial C as a K-stratum study with fixed treatment margin (the usual individual-level analysis) would support no inferences at all about treatment effects because each stratum (community) would have a zero margin. Put another way, community and treatment effects would be completely confounded within the standard individual-level model. Analysis of the individual-level data would instead require use of methods for cluster-randomized trials.
In trial W, the ecologic data would comprise the proportion treated (p k ) in each community, along with outcome measures. Unless the p k had been randomly assigned across communities (as in trial C, in which p k = 0 or 1), the ecologic data would not support randomization-based inferences about treatment effects: If the p k were constant, there would be no data information for such an analysis; if the p k varied, the community and treatment effects would be completely confounded. (This observation is essentially a contrapositive version of Goodman's identification condition for ecologic regression, 50 translated to the present causal setting.) Nonetheless, the individual-level data from any of or all the communities with 0 Ͻ p k Ͻ1 would support the usual randomization-based inferences (e.g. exact tests stratified on community). Taking X as the treatment indicator and k = A, B, Panels 1 and 2 can be used as an example of trial W with p A = 0.6 and p B = 0.4; it then exhibits complete confounding in the ecologic data and no confounding of the individual-level data within community.
Observational studies
Observational studies suffer from a fundamental weakness in interpreting estimated associations as causal effects: The validity of such interpretations depend on assumptions that natural or social circumstances have miraculously randomized the study exposure, e.g. by carrying out trial C or W for us. For individuallevel studies, it is widely recognized that the number of individuals in the study tells us nothing about the validity of this or other such 'no-confounding' assumptions. Larger size only increases the precision of randomization-based inferences by reducing the chance that randomization left large imbalances of uncontrollable covariates across treatment groups. This benefit of size stems from and depends on an assumption of exposure randomization, as in trial W. Systematic imbalances within groups are by definition violations of that assumption.
The same argument applies to ecologic studies. The number of (say) ecologic groups involved tells us nothing about the validity of an assumption that the exposure distribution (p k in the above binary-treatment trials) was randomized across the groups. The benefit of a large number of groups stems from and depends on an assumption that those distributions were randomized, as in trial C. Systematic imbalances across groups are by definition violations of that assumption. Despite these facts, defences of ecologic studies have appeared based on the circular argument that large numbers of areas would reduce the chance of ecologic confounding; 31 this circularity arises because the large-number effect assumes randomization across areas, which is precisely the assumption in doubt.
Covariate control
To achieve some plausibility in causal inferences from observational data, researchers attempt to 'control' for covariates that affect the outcome but are not affected by the exposure (potential confounders). In individual-level studies, the traditional means of control is to stratify the data on these covariates, because within such strata the exposed and unexposed units cannot have any imbalance on the covariates beyond the stratum boundaries, e.g. within a 65-74-year-old age stratum the exposed and unexposed could not be more than 10 years apart in age. Causal inferences then proceed by assuming randomization within these strata; however implausible it may be, in the face of observed imbalances this assumption is always more plausible than the assumption of simple (unstratified) randomization.
The stratification process can be applied in ecologic analyses, but usually faces serious data limitations. With few exceptions, the ecologic exposures and covariates in public-use databases are insufficient in detail and accuracy to create strata with assured balance on key covariates. For example, in ecologic studies of radon levels and lung-cancer rates across US counties, the key covariates are the county-specific distributions of age, sex, race, and smoking habits. To lay to rest concerns about bias from possible relations of these strong lung-cancer risk factors to radon exposure, one would have to stratify the county data by age, sex, race, and smoking behaviour (note that smoking behaviour is multidimensional, as it includes intensity, duration, and type of cigarette use). One would then examine the relation of radon distributions to lung-cancer rates across the stratum-specific county data. This stratified analysis requires the county-specific joint distributions of age, sex, race, smoking behaviour and radon, and age, sex, race, smoking behaviour and lung cancer. Unfortunately, to date no such data have been available. Although data on the age-sex-race-lung cancer distributions in counties are published, their joint distributions with radon and smoking are unobserved; only marginal distributions of radon are surveyed, and only crude summaries of cigarette sales are available.
The limitations of the ecologic data may be better appreciated by considering an analogous problem in an individual-level study of residential radon and lung cancer. One might attempt to 'control' for smoking by using cigarette sales in a subject's county of residence as a surrogate for smoking behaviour (as in Cohen 31 ). Presumably, few epidemiologists would regard this strategy at providing adequate control of smoking, especially upon considering that it would impute an identical 'smoking' level to every subject in the county, regardless of their age, sex, or lung-cancer status. The shortcomings of this control arise precisely because smoking behaviour varies to an extreme among individuals within any given county, much more so than average smoking behaviour varies across counties. 18 Because different randomization assumptions underly causal inferences from individual-level and ecologic studies, it can happen that these two study types require control of different (though overlapping) sets of covariates for valid inferences. 18 and Robins et al. 51 for discussions of this point.
See Greenland and Robins

Modelling assumptions
To get around the ecologic data limitations described above, ecologic-study investigators have employed analysis models under which the available ecologic data (comprising simple marginal summaries of crude exposure and covariate measures) are sufficient for valid effect estimation. As mentioned earlier, these models are restrictive and no more supported by data than randomization assumptions. For example, a common assumption in ecologic analyses is that effects follow a multiple-linear regression model. This assumption is both natural and somewhat misleading, because a multiple-linear model for individuallevel effects induces a multiple-linear ecologic model, but this parallel relation between the individual and ecologic regressions fails in the presence of non-additive or non-linear effects within the ecologic groups. 18, [52] [53] [54] [55] [56] Not even the functional form of individual-level effects (which can confound ecologic associations, as in Table 1 ) is identified by the marginal data in ecologic studies. For example, suppose individual risk R structurally depends on the covariate vector X (which may contain contextual variables) via R = f(X), and A indexes contexts (such as geographical areas). The ecologic observations identify only relations of average risks E A (R) to average covariate levels E A (X) across contexts. These ecologic relations will generally not follow the same functional form as the individual relations because E A (R) = E A [f(X)] ≠ f[E A (X)] except in some very special cases, chiefly those in which f is additive and linear in all the X components. Most analyses of individual-level epidemiological studies assume a multiplicative (loglinear) model for the regression of the outcome on exposure and analysis covariates, in which f(X) = exp(Xβ). Such non-linearities in individual regressions virtually guarantee that simple ecologic models will be misspecified, and thus further diminish the effectiveness of ecologic control of confounding, although the problem can be mitigated somewhat by expanding the ecologic model to include more detailed covariate summaries if those are available, 18, 57 and by including higher-order covariate terms. 40, 53, 56 Unfortunately, some authors have attempted to deny the misspecification problem by claiming that a linear regression is justified by Taylor's theorem. 31 This justification is circular because approximate linearity of f(X) over the within-context (area-specific) range of X is required for a first-order Taylor approximation of f(X) to be accurate. 18, 54 Furthermore, in most applications this requirement is known to be violated. For example, the dependence of risk on age is highly non-linear for nearly all cancers. One may attempt to circumvent the latter problem by using age-specific outcomes, but will then face the problem that one lacks age-context-specific measures of potential confounders such as smoking. Use of age-standardized rates also fails to solve the problem for that requires one use agestandardized measures of the covariates in the regression model (see Discussion) and such measures are rarely available.
Multilevel Methods
The vital statistics and registry data used in ecologic health studies are collected at great expense and so it seems imperative to exploit them fully. Furthermore, these data often describe outcomes across a much broader spectrum of exposures than found in most individual-level studies, suggesting greater power to detect effects could be achieved if confounding were controlled. For example, individual-level dietary studies are usually conducted in restricted populations with little dietary variation relative to international variation, which limits their power and suggests much could be learned from international comparisons. 58 A major problem of international ecologic comparisons, however, is the presence of numerous other differences across countries that could confound the results.
To address this ecologic confounding problem, one may apply individual-level risk models to within-region survey data and aggregate the resulting individual risk estimates for comparison to observed ecologic rates. 54, 59 For example, suppose we have a covariate vector X measured on N k surveyed individuals in region k, a rate model r(x; β) with a β estimate β from individuallevel studies (e.g. a proportional-hazards model derived from cohort-study data), and the observed rate r k in region k. Then we may compare r k to the area rate predicted from the model applied to the survey data, Σ i r(x i ;β)/N k , where the sum is over the surveyed individuals i = 1, …, N k and x i is the value of X for survey individual i. This approach is a regression analogue of indirect adjustment: β is the external information, and so corresponds to the reference rates used to construct expectations in SMR.
Unfortunately, fitted models generalizable to the regions of interest are rarely available. Thus, starting from the individuallevel model r k (x;β) = r 0k exp(xβ), Prentice and Sheppard 55 and Sheppard and Prentice 60 proposed estimating the individual parameters β by directly regressing the r k on the survey data using the induced aggregate model r k = r 0k E k [exp(xβ)], where E k [exp(xβ)] is the average of exp(xβ) over the individuals in region k. Prentice and Sheppard 55 show how the observed rates r k and the survey data (the x i ) can be used to fit this model. As do earlier authors, they estimate region-specific averages by the sample averages, but in the absence of external data on β they impose identifying constraints on the region-specific baseline rates r 0k (e.g. by treating them as random effects); see Cleave et al. 3 and Wakefield 61 for related approaches.
Prentice and Sheppard call their method an 'aggregate-data study'; however, much of the social-science literature has long used this term as a synonym for 'ecologic study', 16, 26 and so I would instead call it an incomplete multilevel study ('incomplete' because, unlike standard multilevel analyses, 62 individual-level outcomes are not obtained). Prentice and Sheppard conceived their approach in the context of cancer research, in which few cases would be found in modest-sized survey samples. For studies of common acute outcomes, Navidi et al. 8 propose a complete multilevel strategy in which the within-region surveys obtain outcome as well as covariate data on individuals, which obviates the need for indentifying constraints.
Multilevel studies can combine advantages of both individuallevel and ecologic studies, including the confounder control achievable in individual-level studies, and the exposure variation and rapid conduct achievable in ecologic studies. 57 These advantages are subject to a number of assumptions that must be carefully evaluated, 55 several of which they share with ecologic studies. For example, multilevel studies based on recent individual surveys must assume stability of exposure and covariate distributions over time to ensure that the survey distributions are representative of the distributions that determined the observed ecologic rates; this assumption will be suspect when there were individual behavioural trends or important degrees of migration following the exposure period relevant to the observed rates. 63, 64 They also can suffer from the problem, mentioned earlier, that the aggregate-level (ecologic) data usually concern arbitrary administrative or political units, and so can be poor contextual measures. Furthermore, multilevel studies face a major practical limitation in requiring data from representative samples of individuals within ecologic units, which can be orders of magnitude more expensive to obtain than the routinely collected data on which most ecologic studies are based.
In the absence of valid individual-level data, multilevel analysis can still be applied to the available ecologic data via non-identified random-coefficient regression. As in applications to individual-level studies, 65 this approach begins with specification of a hierarchical prior distribution for parameters not identified by available data. The distribution for the exposure effect of interest is then updated by conditioning on the available data. This approach is a multilevel extension of randomeffects ecologic regression to allow constraints on β (including a distribution for β) in the aggregate model, in addition to constraints on the r 0k . It is essential to recognize that these constraints are what identify exposure effects in ecologic data; hence, (as with all ecologic results), a precise estimate should always be traced to the constraints that produced the precision.
Discussion
The present review has focused on confounding problems in ecologic studies. These are not the only such problems faced by ecologic studies. Two others are especially noteworthy for their divergence from individual-level study problems.
Non-comparability among ecologic analysis variables
Non-comparable restriction and standardization of variables remains common in ecologic analyses, despite the fact that it can lead to considerable bias. 66 Typical examples involve restricted standardized rates regressed on crude ecologic variables, such as sex-race-specific age-standardized mortality rates regressed on contextual variables (e.g. air-pollution levels) and unrestricted unstandardized summaries (e.g. per-capita cigarette sales). If, as is usual, only unrestricted unstandardized regressor summaries are available, less bias might be incurred by using the crude (rather than standardized) rates as the outcome and controlling for ecologic demographic differences by entering multiple age-sex-race-distribution summaries in the regression 66 (e.g. proportions in different age-sex-race categories). More work is needed to develop methods for coping with non-comparability.
Measurement errors
Effects of measurement errors on ecologic and individual-level analyses can be quite different. For example, Brenner et al. 67 found that independent non-differential misclassification of a binary exposure could produce bias away from the null and even reverse estimates from a standard linear or log-linear ecologic regression analysis, even though the same error would produce only bias toward the null in a standard individual-level analysis; analogous results were obtained by Carroll 68 for ecologic probit regression with a continuous exposure. Results in Brenner et al. 67 also indicate that ecologic regression estimates can be extraordinarily sensitive to errors in exposure measurement. On the other hand, Brenner et al. 69 found that independent non-differential misclassification of a single binary confounder produced no increase in bias in an ecologic linear regression. Similarly, Prentice and Sheppard 55 and Sheppard and Prentice 60 have found robustness of their incomplete multilevel analysis to purely random measurement errors.
In addition to assuming very simple models for individuallevel errors, the foregoing results also assume that the ecologic covariates in the analysis are direct summaries of the individual measures. Often, however, the ecologic covariates are subject to errors beyond random survey error or individual-level measurement errors, as for example when per-capita sales data are used as a proxy for average individual consumption, and when area measurements such as pollution levels are subject to errors. Some work has been done examining the impact of such ecologic measurement error on cross-level inferences under simple error models, 8, 70 but more research is needed, especially for the situation in which the grouping variable is an arbitrary administrative unit serving as a proxy for a contextual variable.
Conclusion
The validity of any inference can only benefit from explication and critical scrutiny of the assumptions used to derive the inferences. My focus on ecologic-study problems stems solely from what I perceive as a common blindness to (or even denial of) the special assumptions needed to derive effect estimates from ecologic data alone, and the profound sensitivity of ecologic estimates to those assumptions (even if the estimate is of a contextual effect). The fact that individual-level studies have complementary limitations does not excuse this oversight.
Nonetheless, despite the critical tone of my remarks here and in earlier articles, I believe that ecologic data are worth examining, as demonstrated by careful ecologic analyses 53, 58 and by methods that combine individual and ecologic data. 8, 11, 55, 60 Furthermore, it is important to remember that the possibility of bias does not demonstrate the presence of bias, and that a conflict between ecologic and individual-level estimates does not by itself demonstrate that the ecologic estimates are the more biased. 13, 18, 19, 71 This is because (1) the two types of estimates are subject to overlapping but distinct sets of biases, and it can happen that the individual-level estimates are the more biased; and (2) the effects measured by the two types of estimates are overlapping but distinct, with ecologic estimates incorporating a contextual component that is frequently absent from the individual estimates due to contextual (population) restrictions on individual-level studies. Indeed, the contextual component may be viewed as both a key strength and weakness of ecologic studies, for it is often of greatest substantive importance even as it is especially vulnerable to confounding. Thus, in the absence of good multilevel studies, ecologic studies will no doubt continue to fuel controversy, and so inspire the conduct of potentially more informative studies.
